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Abstract:
Purpose: Just-In-Time (JIT) production has continuously been considered by industrial practitioners and
researchers as a leading strategy for the yet popular Lean production. Pull Production Control Policies
(PPCPs) are the major enablers  of  JIT that locally  control  the level  of  inventory  by authorizing the
production in each station.  Aiming to improve the PPCPs,  three authorization mechanisms:  Kanban,
constant-work-in-process (ConWIP), and a hybrid system, are evaluated by considering uncertainty.
Design/methodology/approach: Multi-Criteria Decision Making (MCDM) methods are successful in
evaluating alternatives with respect to several objectives. The proposed approach of  this study applies the
fuzzy set theory together with an integrated Analytical Hierarchy Process (AHP) and a Technique for
Order Performance by Similarity to Ideal Solution (TOPSIS) method. 
Findings: The study finds that hybrid Kanban-ConWIP pull production control policies have a better
performance in controlling the studied multi-layer multi-stage manufacturing and assembly system. 
Practical implications: To examine the approach a real case from automobile electro-mechanical part
production  industry  is  studied.  The  production  system consists  of  multiple  levels  of  manufacturing,
feeding a multi-stage assembly line with stochastic processing times to satisfy the changing demand.
Originality/value: This study proposes the integrated Kanban-ConWIP hybrid pull control policies and
implements several alternatives on a multi-stage and multi-layer manufacturing and assembly production
system. An integrated Fuzzy AHP TOPSIS method is developed to evaluate the alternatives with respect
to several JIT criteria.
Keywords: just-in-time manufacturing,  kanban system,  hybrid  control  policy,  multi-criteria  decision  making,
fuzzy topsis
1. Introduction
The success of  Lean and just-in-time (JIT) manufacturing was praised by both industry practitioners and academic
researchers (Krafcik, 1988) (Womack, Jones & Roos, 1990). The extensive recent research and case studies in JIT
proves  that  yet  this  methodology is  popular  in  both academia  and industry.  Pull  production control  policies
(PPCPs) are the major enablers for JIT manufacturing. The goal of  PPCP is to maintain a balance between the
inventory level and availability of  products to fulfill the demand.
Since the introduction of  the first PPCP, Kanban system by Ohno (1988) in Toyota Production System (TPS),
researchers  developed,  optimized,  and  introduced  several  Kanban  systems.  However,  the  systems  were
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implemented for specific conditions and environments (Thürer, Stevenson & Protzman, 2016). Comparisons of
different  PPCPs  implemented  for  the  same  production  systems  also  show  contradictory  results.  This  issue
motivates this  study to investigate the performance of  the systems and address  the ambiguity  resulting from
production conditions. 
Researchers argued that despite the success of  Traditional Kanban System in Toyota, this system is not adequate in
further production conditions. This issue created an opportunity for researchers advocating newer strategies. The
constant work-in-process (ConWIP) system developed by Spearman, Woodruff  and Hopp (1990) was suggested as
an alternative to Traditional Kanban System. ConWIP, similar to Kanban System, uses Kanban card/signal to
control the Work-In-Process (WIP), but simply considers one set of  Kanbans that circulate in the entire system
(Framinan, Ruiz-Usano & Leisten, 2001; Thürer, Fernandes, Stevenson & Ting Qu, 2017). 
In a multi-stage production and manufacturing system, by designing various combinations of  Kanban and ConWIP
control policies, hybrid production control policies can be defined. Hybrid PPCPs offer the advantages of  both
Kanban and ConWIP systems (Torkabadi & Mayorga, 2017). This paper contributes to the research by proposing a
comprehensive  framework  to  develop,  combine,  compare,  and  select  the  superior  PPCP  considering  the
uncertainty. 
The implementation of  PPCSs is reported in various industries through case studies. Continuing popularity of  pull
strategies among industry practitioners is apparent from the cases. The literature shows the adaptability PPCSs in
industries with different environments. The case studies report the implementation of  policies in environments
with automated automobile assembly lines to job shops (Ni & Wang, 2015; Gilland, 2002; Parakash & Chin, 2014;
Farnoush & Wiktorson, 2013; Slomp, Bokhorst & Germs, 2009; Yang, Fu & Yang, 2007). Reviewing the cases, the
reported environmental conditions and barriers can highlight the areas of  improvement in PPCS research. This
study considers a case from automobile electro mechanical part industry. The case is studied to experiment the
proposed framework in this research. 
Dissimilar properties of  production and assembly systems make the comparison among pull production strategies,
such as Kanban and ConWIP, vary in results. This issue creates a demand for further studies. It is important to
clarify the studied production system’s properties, such as single or multi-level, and the measuring criteria that are
considered for analyzing the pull production policies. Sharma and Agrawal (2012) considered a single level serial
production  system  to  compare  Kanban,  ConWIP  and  a  hybrid  production  control  policy.  Sato  and
Khojasteh-Ghamari (2012) developed a framework to compare Kanban and ConWIP strategies in a multi-stage
and multi-level production and assembly system. In these systems multi-stage serial  production lines feed the
assembly line. This study compares Kanban, ConWIP and multiple developed hybrid policies in a multi-stage and
multi-level production and assembly system. Xanthopoulos and Koulouriotis (2014) considered mean WIP and
mean backorders to compare pull production policies in a multi-level and multi-stage production and assembly line.
Literature suggests that WIP level is consistently the most popular measurement criteria to evaluate the systems.
For comparing Kanban, ConWIP and hybrid policies this study considers the following measuring criteria: WIP
level, number of  backorders (BO), lead time (LT), and waiting time (WT). Therefore, the question in this study is
which among Kanban, ConWIP and proposed hybrid production control policies is superior in a multi-stage and
multi-layer production and assembly system with regards to the measurement criteria. 
2. Literature Review
The Kanban strategy is inspired from the work of  Ohno (1988) and was extensively studied and implemented by
researchers  and  practitioners  since  the  popularity  of  JIT  (Krafcik,  1988).  Its  adoptability  for  various  work
environments is a reason for continues attention to this strategy (Thürer et al., 2016). In this system the production
level in between two stations is limited by a number of  authorization cards (Monden, 2011). In a recent study
(Thürer et al. 2017) the difference between WIP Kanbans and operation Kanbans was clerified. The study revealed
that most researchers considered WIP Kanbans in designing and developing their PPCP. The WIP Kanban is the
authorization from the proceeding buffer station meaning that the buffered part was used and that the production
station can start the process to fill the buffer. Therefore, it can be concluded that WIP kanabn circulates in between
the buffer station and the production station when there is a demand to buffer. On the other hand, the operation
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Kanban circulates in between the production stations when there is an actual demand to process (Thürer et al.,
2017). 
Similar to Kanban PPCP, ConWIP uses the Kanban authorisation cards to limit the WIP level in the production
system. The CONWIP control system proposed by Spearman et al. (1990) uses a single card/signal type to control
the total amount of  WIP in the line. But researchers costomized and designed ConWIP systems with multiple card
types and card loops (Ang, 2015).
Selecting the criteria to measure the performance of  systems is important to conduct a meaningful comparison.
The measurement criteria are the objectives of  the system to achieve the overall goal of  determining the best
strategy. Researchers considered various objective functions. Cost reduction is widely considered by researchers
since different objectives can be translated to a cost-based objective (Prajapat & Tiwari, 2017). Studies that consider
cost-based objectives discuss that other objectives result in either increased sales or reduced production expenses
and overhead. Therefore, the two cost-based approaches followed by researchers are maximization of  revenue and
minimization  of  expenses.  Minimizing  the  cost  was  considered  (Marsh,  Jonik,  Lanham,  Cheung,  Newnes  &
Mileham, 2010; Stratman, Roth & Gilland, 2004; Lu & Sundaram, 2002; Cochran & Kaylani, 2008) by identifying
the criteria that leads to higher production costs like: inventory, backlog, labor, testing, inspection, defect, and high
lead time. The profit from sales and operation per time unit are examples of  measuring criteria that are aimed to be
maximized (Xanthopoulos & Koulouriotis, 2014).
Work-in-process and system throughput remain the most popular measuring criteria among researchers who study
pull  production control policies.  The little’s law (Little,  1961), that  states the relationship between the average
number of  orders in the system, arrival rate, and the lead time, was used by Spearman et al. (1990) to show the
tradeoff  between WIP level  and  throughput.  Khojasteh-Ghamari  (2012)  considered  WIP and throughput  to
compare the ConWIP system with Kanban in a multi-level production and assembly line. In their literature review,
Prajapat  &  Tiwari  (2017),  reported  that  System  throughput  is  primary  objective  by  many  researchers  who
considered  it  directly  (Ferreira,  Gómez,  Lourido,  Quintas  &  Tjahjono,  2012;  Han,  Zhou,  Bras,  McGinnis,
Carmichael  & Newcomb,  2003;  Kouikoglou,  2000;  Koulouriotis,  Xanthopoulos  & Tourassis,  2010;  Manns  &
Elmaraghy, 2009; Mendes, Ramos, Simaria & Vilarinho, 2005) or indirectly via a measure that is closely related to
throughput (Yu, Duffy, McGinley & Rowland, 2006; Neira Duenas, Lamas Rodríguez,  Duro  &  García Del Valle,
2007;  Ferreira  et  al.,  2012;  Aguirre,  Muller,  Seffino  & Méndez,  2008;  Yang,  Bukkapatnam & Barajas,  2013).
Reducing the work-in-process is aimed by lean production and is considered by researchers (Otamendi,  2011;
Pradhan & Damodaran, 2009; Yang et al., 2013; Zeng, Wong & Leung, 2012) The importance of  this criteria comes
from the fact that designating the number of  Kanbans and designing the circulation of  loops directly impacts the
level of  work-in-process.
The  time-based  nature  of  both  the  discrete  event  computer  simulation  (DECS)  and  initiatives  of  lean
manufacturing resulted in popularity of  time-based objectives among researchers. Reducing the lead time is aimed
by JIT as a major objective. The suitability of  DECS, as a method based on time events, conventionally makes
designing time-based objectives popular. Prajapat and Tiwari (2017) found that time-based objectives are the most
popular criteria among research applying DECS for optimizing the manufacturing and assembly systems. Sharma
and Agrawal (2012) and Kibira and McLean (2002) considered lead time in their studies. Specific characteristics of
the  production  system  are  another  issue  that  grounds  uncertainty  in  comparing  PPCPs.  Some  studies  are
distinguished by considering a production system with a high product mix. The variation of  job sequencing that
distinct orders need to go through, adds complexity to the design of  the control policy. The configuration of  the
production system is another property that is considered by studies. These studies consider a production system
with multiple stages or multiple levels, or both. A system of  multiple production series that feed an assembly line is
an example of  such systems.  The variation of  job sequencing that distinct  orders need to go through, adds
complexity  to the design of  the PPCP. Reviewing the literature,  we found that  many researchers focused on
uncertainty in production systems. Studying PPCPs in environments with variable processing rate, demand, and rate
of  failure is the focus of  many studies. 
Since various  performance measures are  considered to evaluate the  systems controlled by  different  strategies,
MCDM techniques are effective methods. The work of  Andijani (1998) is one of  the early examples of  applying
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Analytic Hierarchy Process to select the best Kanban allocation for a pull production control strategy. The study
aimed to achieve the best results with respect to average work-in-process, flow time and throughput. Simulation
technique was used to determine the Kanban allocation,  where the  total  number of  Kanbans is  unchanging.
Sharma and Agrawalb (2009) compared the performance of  Kanban, CONWIP and Hybrid production control
systems for varying demands and multiple criteria using Analytical Hierarchy Process. Similarly, Lavoie, Gharbi and
Kenné (2010) compared Kanban, ConWIP and Hybrid Production control systems for a serial production with
respect to machine unreliability.  Their  study applied simulation techniques together with design-of-experiment
methods to compare the three alternatives based on measurement criteria. Hou and Hu (2011) applied a multi-
objective genetic algorithm to determine the Kanban sizes. They generated results from simulation and used a
regression model to optimize the mean throughput and mean work-in-process. The comparison of  Push, Kanban,
ConWIP and drum-buffer-rope production control systems was done by Ng, Bernedixen and Syberfeldt (2012).
They  applied  an  evolutionary  multi-objective  algorithm  by  considering  two  objectives.  Xanthopoulos  and
Koulouriotis (2014) compared Kanban, ConWIP, Base Stock, and hybrid systems for a serial multi-stage system.
They used discrete-event simulation and design of  experiment techniques to minimize the mean work-in-process
and mean number of  backorders.
Since various  performance measures are  considered to evaluate the  systems controlled by  different  strategies,
MCDM techniques are effective methods.  To resolve the uncertainty the fuzzy sets theory was considered in
MCDM methods. Sharma and Agrawal (2012), to deal with uncertainty in the comparison of  pull production
policies, applied fuzzy techniques. They considered a multi-stage production line with two products assuming that
the first product is produced in the first manufacturing period and the second product is made during the second
period. They used computer simulation to find the performance of  Kanban, ConWIP, and hybrid systems with
respect to 5 criteria. The comparison is based on service level, throughput, WIP level, lost demand, and machine
utilization.
Researchers applied various methodologies to study the performance of  PPCPs. Generally, these methods can be
classified  into  two  categories:  simulation  and  analytical  methods.  DECS  remains  one  of  the  most  popular
techniques. Due to the discrete nature of  orders, as the main entity in the studied production systems, DECS is
found to be an effective solution. 
3. Methodology
3.1. Fuzzy Set Theory
The fuzzy set theory as presented by Zadeh (1965) is a mathematical method to model the vagueness and
ambiguity in human cognition. The degree of  membership, which determines the membership of  an element
in a fuzzy set, is the key idea in fuzzy set theory (Zimmermann, 1996). Mapping the crisp inputs in a set of
intervals that cover all the possible input values is performed by the help of  membership functions. Then a
degree of  membership is assigned to illustrate the level of  belongingness of  the crisp input to the interval in
which it was mapped. Therefore, the degree of  membership specifies that to what level an input value can fit
in  a  set.  The  membership  degree  most  commonly  ranges  from  zero  to  one.  An  element  with  a
zero-membership degree of  a certain set has no relation to that set.  On the other hand, if  the degree of
membership is 1 it  shows that the element definitely belongs to that set and has total membership. If  an
element has a degree of  membership that is between 0 and 1 it partially belongs to the fuzzy set. The closer
the membership degree is  to one,  the stronger the element  belongs  to the set.  For a  fuzzy set,  usually,  a
membership function can be presented that gives the degree of  membership for an element. Therefore, a
fuzzy set has elements with varying levels of  membership. 
For the pair-wise comparison of  measurement criteria and alternatives, this study uses triangular fuzzy numbers, 
to  . The fuzzy numbers are used to capture the uncertainty and triangular fuzzy numbers are argued to be a
suitable and understandable representative for this comparison (Table 1 and Figure 1). 
A triangular fuzzy number in this study is denoted as  = (l, m, u), where l is the lower limit, m is the median value,
and u is the upper limit. The membership function can be defined by the following expression (Chang Horng &
Lin, 2009). 
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(1)
Alternatively, by defining the interval of  confidence level α, the triangular fuzzy number can be described as:
(2)
Also, suppose a = (a1, a2, a3) and b = (b1, b2, b3) are two TFNs, the distance between them is calculated as:
(3)
Intensity of  importance Fuzzy number Judgment or preference Function
1 Equally important (1, 1, 2)
3 Slightly more important (2, 3, 4)
5 Moderately more important (4, 5, 6)
7 Strongly more important (6, 7, 8)
9 Extremely more important (8, 9, 10)
Table 1. Scale of  relative importance used in the pair-wise comparison matrix. (Pourjavad & Shirouyehzad, 2014)
Figure 1. Fuzzy membership function for linguistic values
3.2. Fuzzy AHP
Analytical hierarchy process (Saaty, 1980) is a quantitative method to facilitate finding solutions for problems
that can be constructed hierarchically through levels of  multiple goals, criteria, and alternatives. Considering
multiple criteria for achieving a solution is the biggest advantage of  this method. The method is very effective
for ranking multiple alternatives based on multiple objectives. However, the method has some limitations. The
first limitation is that AHP is developed to deal with crisp values and numbers. Second, the judgments and
comparisons are made in an unbalanced scale that  is  hard to evaluate.  The third limitation of  AHP is  its
shortage to deal with the uncertainty. The vagueness is a naturally associated with human comparison in AHP
process,  but  there  are  no  mechanisms  to  deal  with  the  ambiguity  in  this  method.  As  a  result,  the  forth
limitation  is  that  the  rankings  are  not  precise.  Finally,  the  results  can be  greatly  affected by  the  mindset,
preference and decision maker’s judgment. In response, the ideas of  fuzzy set theory are included in the AHP
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method to improve the process (Chamodrakas, Batis & Martakos, 2010, Pourjavad, Shirouyehzad & Shahin,
2013). 
The combination of  fuzzy set theory and MCDM methods in real world case studies enriched the literature with
applicable frameworks (Onut, Kara, & Isik, 2009). The methodological framework of  Ayag (2005) for fuzzy AHP
method is followed by this study. First, performance scores are defined and represented by linguistic terms. The
linguistic terms show the relative significance of  comparisons. Second the criteria are compared. For this purpose,
pair-wise comparison of  elements in the same level of  hierarchy is conducted to display the relative importance of
factors. The fuzzy comparison matrices use triangular fuzzy numbers ( ,  ,  ,  ,  ) to display the importance of
factors in every level of  hierarchy.
The fuzzy AHP method which is used in this study is based on methodology steps of  Ayag (2005). In the first step,
the performance scores are compared. Linguistic terms are applied to display the relative strength of  each pair of
elements in the same hierarchy. Then in the second step, the fuzzy comparison matrices are constructed. Triangular
fuzzy numbers ( , , , , ) are used to indicate the relative strength of  each pair of  elements in the same hierarchy.
The fuzzy judgment matrix  is displayed as: 
(4)
Where for i equal to j we have  = 1, otherwise  = , , , ,  or  –1, –1, –1, –1, –1. In the third step, the fuzzy
eigenvalues are solved. A fuzzy eigenvalue, , is a fuzzy number solution to:
(5)
Where the largest eigenvalue of   is considered to be max.  is a non-zero n  1, fuzzy vector and it includes fuzzy
number . by applying fuzzy multiplication and addition rules, the equation  would be equivalent to:
(6)
Where,
for 0 < α ≤ 1 and all i, j, where i = 1, 2, ..., n, j = 1, 2 ..., n.
The decision makers’ confidence over their preferences is included and represented by the α-cut. It is developed to
minimize the subjectivity of  results to experts’ judgment and preference. The index of  optimism μ estimates the
degree of  satisfaction for the judgment matrix . The bigger μ value shows higher degree of  optimism. It can be
defined as:
(7)
When α is fixed, matrix   can be built. The index of  optimism, μ, should first be set to estimate the degree of
satisfaction:
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(8)
The consistency ratio (CR) is calculated for all pair-wise judgments between factors. The measure of  inconsistency
can be defined as the deviation from consistency and is called the consistency index (CI). It can be calculated using
the following equation: 
(9)
Where n is the matrix size. 
To directly estimate the consistency of  pair-wise judgments the consistency ration (CR) can be used. It can be
obtained by dividing CI by a value from the table of  random consistency index (RI) (Table 2). The RI values are the
average index for randomly generated weights (Saaty, 1980). The equation for obtaining CR is as follow:
(10)
Pair-wise comparisons are considered acceptable if  CR is less than 10%. Otherwise the comparison is rejected. The
last step is calculating the priority weight of  each alternative. This can be done by multiplying the matrix of
evaluation ratings by the vector of  factor weights and summing over all factors. 
Size (n) 1 2 3 4 5 6 7 8 9 0
RI 0 0 0.52 0.89 1.11 1.25 1.35 1.40 1.45 1.51
Table 2. The random consistency index (RI) based on Saaty (1980)
3.3. Fuzzy TOPSIS
The fuzzy TOPSIS method presented in this study is based on the methodology of  Chen and Hwang (1992), with
reference to Hwang and Yoon (1981). There are several expressions of  Fuzzy TOPSIS in the literature (Kilic, 2012;
Ayhan, 2013). The basic idea is that the selected alternative should satisfy two conditions. First, it should have the
shortest distance from the ideal solution; and second, it should be the furthest from the counter-ideal solution
(Opricovic & Tzeng, 2003; Nadaban, Dzitac & Dzitac 2016). 
The traditional TOPSIS method uses crisp values for comparisons. As it was discussed in the previous section,
crisp numbers fail to represent the expert judgment. Therefore, researchers use linguistic expressions to substitute
the crisp values in the traditional TOPSIS method. To develop linguistic expressions and quantify them the fuzzy
set theory is used. The fuzzy TOPSIS method is an integration of  TOPSIS and fuzzy theory, developed to deal
decision making problems with uncertainty (Aydogan, 2012; Baykasoglu, Kaplanoglu, Durmusoglu & Sahin, 2013,
Pourjavad & Peng, 2017). The steps of  Fuzzy TOPSIS method are as follow:
Step 1: Selecting the linguistic variables for the alternatives with respect to criteria
The linguistic variables are associated with a triangular fuzzy number. All m possible alternatives called A = {A1,
A2, …, Am} are to be compared against the criteria, C = {C1, C2, …, Cn}, using the linguistic variables. The weights
are noted by wj ( j = 1, 2,… n) and indicate the criteria weights. The decision makers assigning the linguistic variable
are noted by Dk (k = 1, 2, …, K). The performance ratings are indicated by k = ijk (i = 1, 2, …, m; j = 1, 2, …, n;
k = 1, 2, …, K) that represent the ratings for each expert Dk (k = 1, 2, …, K) for each alternative Ai (i = 1, 2, …, m)
with regards to each criterion Cj ( j = 1, 2, …, n). The membership function for performance ratings is indicated by
μ K(x). Table 3 shows the scale used for ratings.
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Linguistic variables Corresponding TFN
Very low (1, 1, 2)
Low (2, 3, 4)
Medium (4, 5, 6)
High (6, 7, 8)
Very high (8, 9, 10)
Table 3. Linguistic variables for ratings
Step 2: Finding the combined fuzzy ratings for the alternatives
Considering that all expert ratings are triangular fuzzy numbers: k = (ak, bk, ck), k = 1, 2, …, K then the combined
fuzzy rating is:
 = (a, b, c), where
(11)
Considering that  ij = (aijk,  bijk,  cijk),  I  = 1, 2, …,  m;  j = 1, 2, …,  n is the rating of  Kth decision maker, then the
aggregated fuzzy ratings ij is associated with alternatives with respect to each criteria indicated by: 
ij =  ( ij1 + ij2 + … + ijk), ij = (aij, bij, cij), where: 
(12)
Step 3: Building the fuzzy decision matrix
The fuzzy decision matrix for the alternatives ( ) is built as follows:
(13)
Step 4: Building the Normalized fuzzy decision matrix
To convert the raw criteria ratings into a comparable scale a linear scale transformation is used. The normalized
fuzzy decision matrix  is given by:
 (14)
Where
(15)
(16)
Step 5: building the weighted normalized matrix
By multiplying the weights (Wj) of  evaluation criteria with the normalized fuzzy decision matrix  the weighted
normalized matrix  for criteria is calculated.
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(17)
Step 6: determining the fuzzy ideal solution (FPIS) and fuzzy negative ideal solution (FNIS)
The FPIS and FNIS of  the alternatives are calculated as follows:
(18)
(19)
i = 1, 2, …, m and j = 1, 2, …, n
Step 7: Finding each alternative’s distance from FPIS and FNIS
To find the distance ( , ) of  each weighted alternative i = 1, 2, …, m from the FPIS and the FNIS the following
formulas can be used:
(20)
(21)
Step 8: Finding the closeness coefficient (CCi) of  each alternative
The closeness coefficient CCi is the simultaneous distances to the fuzzy positive ideal solution (A+) and the fuzzy
negative ideal solution (A–). It can be estimated using the following formula:
(22)
Step 9: ranking the alternatives
The alternatives are evaluated and ranked according to the closeness coefficient (CCi) from the highest to the lowest
scored alternative.
3.4. Implementation of  the Proposed Model to Evaluate PPCPs
MCDM models are effective methods to solve the problems with different criteria. Evaluating the alternatives
based on the measurement criteria is the purpose of  this study. Dissimilar scale and nature of  measurement criteria
highlights the effectiveness of  MCDM methods for this purpose. Due to the involvement of  human experts, the
conventional  MCDM methods  are  not  suitable  to  deal  with  imprecise  data.  Therefore,  the  fuzzy  set  theory
proposed by Zadeh is applied to improve the decision making processes. This study integrates AHP and TOPSIS
methods with fuzzy theory to evaluate the proposed alternatives. Criteria weights are obtained following the fuzzy
AHP method and fuzzy TOPSIS is used to evaluate the alternatives with respect to criteria. Figure 2 shows the
proposed framework of  this study. The detailed description of  the procedures is described as follow:
The expert panel consisting of  kaizen groups, industry practitioners, and researchers is formed to conduct the pair-
wise judgments, identifying the criteria, and recognizing the alternatives. 
Hybrid pull production policies are developed and optimized by selecting the number of  kabanas. Similar to the
approach followed by Khojasteh-Ghamari (2009) a tree shaped production and assembly system is developed and
the circulation of  cards is designed. 7 ConWIP-Kanban  alternatives are illustrated (Figure 3 to 9) using activity
interaction diagram (Sato & Praehofer, 1997). In this diagram production processes, queues, and connection arrows
are demonstrated. The diagram shows the circulation of  cards and the flow of  material. The developed hybrid
alternatives are referred to as Ai, where l = 1, 2, …, 4. The WIP kabanas are circulated in between buffers b i and
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processes  pi  and operation  Kanbans circulate  between processes.  All  the  developed systems consist  of  both
Kanban types similar to the common Kanban system (Thürer et al., 2016), or they are a combination of  Kanban
and ConWIP systems. Therefore, they are all called hybrid PPCPs. 
The mechanism of  A1 is explained as an example. The first set of  Kanbans are WIP Kanbans, since they circulate
in between the designated buffer and a process. In this situation once, a new demand consumes a part, the attached
WIP kanabn card is released. The WIP Kanban travels to the preceding process and authorizes the production.
Upon availability of  a part preceding buffer to feed the process and the process itself, the process starts. The
process can be unavailable due to the breakdown. The cards circulate in between all the processes. The raw material
is available to feed the initiating processes. 
Based on the literature survey, the important parameters to measure the performance of  pull production policies
are selected. The parameters are defined and methods to measure them are explained. The performance measures
are designed to be work-in-process level (WIP), lead time (LT), lost demand (LD), and delay (D). These measures
are considered to be the criteria for the problem and denoted by cj where Cj = 1, 2, …, 4 represents the WIP, LT,
LD and D consecutively. Cj value is considered to be a triangular fuzzy number Cj = (lj, mj, uj), where lj is the lowest
measured  performance  result,  mj is  the  average,  and  ujp is  the  highest  measured  performance  result  in  a
non-deterministic approach. For example considering the second hybrid PPCP (A4) the level of  WIP as the first
performance measure is represented as:   = ( ,  ,  ), where   is the lowest WIP level for  A4,   is the
average WIP level for A4, and  is the highest WIP level for A4.
Figure 2. Proposed fuzzy multi-criteria decision-making framework
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Linguistic  variables  and  related  fuzzy  values  are  selected.  The  linguistic  variables  are  used  to  compare  the
parameters and alternatives. Their representative fuzzy sets are triangular expressions. Due to the qualitative nature
of  the performance parameters, developing a quantitative expression to consider the impact of  each parameter is
subjective.  Ranking  the  parameters,  the  priorities  and  preferences  of  decision  maker  is  considered  using  the
linguistic variables.
To compare the performance of  PPCPs the decision maker qualitative expression is translated into fuzzy numbers.
For this purpose, linguistic variables similar to the previous step are used. In this step, the pair-wise comparisons are
in between the PPCPs, as alternatives, with regards to each performance measurement criteria. Triangular fuzzy
values are selected to represent the linguistic variables. The variables to compare the parameters are set to be: very
low, low, medium, high, very high. To express the performance of  each PPCP the variables are: Very poor, poor,
medium, good, very good. In the second method, the comparison is made based on the obtained triangular fuzzy
numbers from step 2. 
After forming a decision hierarchy, the 4 criteria weights are found using fuzzy AHP. Expert evaluation matrix is
based on the scales presented in Table 1. The final evaluation matrix is formed by finding the arithmetic mean of
the values from the evaluations. To decide the relative importance of  each pair of  JIT performance measures and
PPCP alternatives the evaluation matrix A (n by m) is formed. The objects (aij = (u,  m,  l  )) of  this matrix (A) are
triangular fuzzy numbers if  u – l > 0. Otherwise the pair-wise comparison is a nonfuzzy number. An example of  a
non-fuzzy judgment is the pair-wise comparison of  objects i and j when i = j. 
Figure 2 shows the procedure for the fuzzy multi-criteria decision-making system. 
3.5. Experimental Results
The production line considered in this case is from a manufacturer of  elecro-mechanical car keys and consists of
two branches, which are plastic injection and machining line, which feed one assembly line. The Production line
with two production stages and two buffer stations is the metal press line. At the beginning of  the press line an
unlimited buffer of  raw material which is metal sheets is provided. The single stage production line is the plastic
injection and the raw material buffer is provided at the beginning of  the process. The plastic and metal parts feed
the assembly line with two working stations and two buffers.
Collecting the data from manufacturing and assembly departments is  based on a time study. Observations to
determine the process time for each station were in different working days and included the day and afternoon
shifts. Minimum number of  120 robust observations for each process step was performed. Chronometers were
used to measure  the  process  times and the  standard working time is  calculated.  To achieve  normal  working
condition, workers did not notice the time measuring process. Work instruction documents were reviewed to assure
that the processes are following their standards. The data was controlled and selected using Data Control Chart. If
the data is beyond the acceptance limit it is eliminated based on expert justifications. Demands are determined by
reviewing the past trends. Manufacturer may have different orders for each month. Exponential distribution with
time factor of  0.5 is considered for demand variable. 
For the purpose of  running an experimental discrete event computer simulation, statistical analysis is performed on
the observed input data. Using the distribution fitting, normal distributions are suggested for the processing time
of  the stations. Verification of  the data is based on statistical methods following the Estimated Error method and
Estimated Covariance method. Following the statistical analysis, the processing time of  station P is from a normal
distribution with parameters   and  .   represents the average processing time and   represents the standard
deviation. The estimated parameters are as follows: P11 ( = 0.72,  = 0.52), P12 ( = 0.77,  = 0.55), P21 ( = 0.78,
 = 0.56), P1 ( = 0.51,  = 0.37), and P2 ( = 1.17,  = 0.40). To examine whether the normal distribution is the
true representative of  the observed processing times the  Z-test was performed.  h value returns null for every
station that shows the standard processing time comes from a normal distribution with mean   and standard
deviation  at 5% significance level. The alternative hypothesis that the mean is not  is rejected. The standard time
for each workstation and job orders which is based on demands are considered as the independent variables.
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Common  assumptions  for  developing  the  simulation  model  are  applied.  It  is  assumed  that  material  is
transported in units of  one (one-batch flow). Transfer time for materials is ignored. The Kanbans are assumed
to flow instantly upon availability. Jobs are considered to be following a first come first serve (FIFO) policy to
be completed in each station. And, there is no shortage of  raw material from supplier to feed the first stations
of  each stage.
Number of  cards, capacities and buffers are set through soft experiments for the best possible performance. Extra
operation Kanban cards or buffer capacities were added to improve the performance. Through a large number of
replications, the better parameters were changed and the results were found. Every replication ran for 1000 order
entities.  Over 140 replications  were conducted and 100 results  that  represented the best  performance of  the
alternatives were selected.
The following steps are based on the proposed approach and are explained for the studied case. 
Step 1: Defining the performance measurement criteria and alternatives
The measurement criteria and alternatives are identified at the first step to construct the hierarchical decision
structure. The measurement criteria are identified by reviewing the literature and recognized by the decision
panel.  The  decision  panel  consisted  of  a  kaizen  group  of  ten  workers  and  managers  from  different
organizational  levels  and  four  experts  from  academia.  The  panel  recognized  the  designed  alternatives  for
controlling the production system. The PPCPS are considered the alternatives. Figure 3 to 9 show the alternative
PPCPs  for  the  described  manufacturing  and  assembly  system in  which  two  lines,  metal  press  and  plastic
injection, feed the assembly line.
Four measurement criteria to evaluate the performance of  PPCPs are recognized for this case. Two of  the criteria
are time based while the other two are not. They are described as follow:
• Level of  work-in-process (WIP)
Excessive inventory is  reported as source of  waste in lean manufacturing.  WIP is  the inventory that
circulates in production line and JIT method aims to reduce the level of  WIP. Researchers used WIP level
repeatedly to measure the performance of  the production system WIP level  reported as the average
number of  batches circulating in the line. 
• Lead time (LT)
The reduction of  lead time is recognized as an important objective to improve the production system. It
is defined as the time from when an order is initiated in the system until it is completed through the
production process.  As a time based factor, LT is recognized as the second criteria  to evaluate the
PPCPs. 
• Lost demand (LD)
Satisfying the demand exactly when the order arrives is the goal of  JIT production. If  there is no complete
product  available  at  the  time of  order  arrival  the  system records  one  lost  in  satisfying  the  demand
immediately. However, the order remains in the system to be satisfied as a delayed order. LD is recognized
as the third measurement criteria. 
• Delay (D)
If  the demand is not satisfied when a new order arrives due to the shortage of  finished product delay
happens. This measurement criterion has a negative impact on the performance of  the system. Therefore,
the higher delay results in the lower preference of  PPCP. Delay is a time based measure.
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Figure 3. Conceptual mechanism of  Kanban (A1) system
Figure 4. Conceptual mechanism of  ConWIP (A2) system
Figure 5. Conceptual mechanism of  hybrid1 (A3) system
Figure 6. Conceptual mechanism of  Hybrid2 (A4) system
-173-
Journal of  Industrial Engineering and Management – https://doi.org/10.3926/jiem.2528
Figure 7. Conceptual mechanism of  Hybrid3 (A5) system
Figure 8. Conceptual mechanism of  Hybrid4 (A6) system
Figure 9. Conceptual mechanism of  Hybrid5 (A7) system
Considering  the  objective,  criteria  and  the  developed  alternatives  the  decision-making  structure  can  be  built
hierarchically. There are there levels in the decisions hierarchy as displayed in Figure 10. The first level is the main
goal which is selection of  tee best PPCP, the measurement criteria are in the second level, and alternatives are in the
third level of  the hierarchy.
Figure 10. Decision making hierarchical construction
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Step 2: finding the weights of  criteria with Fuzzy AHP
In the second step, the pair-wise comparison of  measurement criteria is made based on experts’ decision. Table 4
shows the criteria pair-wise comparison of  one expert (D1) with fuzzy numbers based on fuzzy AHP method. 
 WIP LT LD D
WIP 1
LT -1 1
LD -1 -1 1
D -1 -1 -1 1
Table 4. Fuzzy comparison matrix of  the criteria using triangular fuzzy numbers 
The calculations to find the CR value are presented for D1 based on the method in Section 3.2. 
By applying Equation (6) the lower and upper limits of  TFNs with respect to is defined as follows:
Using Equation (7) and substituting α = 0.5 and μ = 0.5 into the expressions the α-cuts comparison matrices are
obtained. Table 5 illustrates the α-Cuts fuzzy comparison matrix for D1 as an example. 
 WIP LT LD D
WIP 1 [2,4] [4,6] [6,8]
LT [1/4,1/2] 1 1 [4,6]
LD [1/6,1/4] 1 1 [2,4]
D [1/8,1/6] [1/6,1/4] [1/4,1/2] 1
Table 5. α-Cuts fuzzy comparison matrix for the criteria (α = 0.5,   μ = 0.5)
Let Table 6 be the representative of  the α-Cuts fuzzy comparison matrix for expert D1. Then λ values are calculated
using Equation (5) and by solving det(A1 – λI ) = 0 and found to be: (λ1, λ2, λ3, λ4) = (4.20430, 4.18635, 4.17064,
4.19796). Therefore, max = 4.20430.
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 WIP LT LD D
WIP 1 3 5 7
LT 0.375 1 1 5
LD 0.21 1 1 3
D 0.146 0.21 0.375 1
Table 6. Eigenvector for comparison matrix of  the criteria 
From Table 2 the RI, when n = 4, is 0.89. Using Equations (9) and (10) the consistency index and the consistency
ratio of  the matrix is calculated as follows:
The consistency  ratio  is  less  than  10% that  shows  the  consistency  of  D1 judgment.  Similar  calculations  are
performed for all  the expert  judgments (Dk,  k  = 2, 3,  4,  5) and CR was observed to be less than 10%. By
cumulating and normalizing the obtained criteria weights from all the experts the e-vector for weights of  WIP, LT,
LD, and D is equal to: (0.55, 0.29, 0.13, 0.04).
Step 3: Evaluating the alternatives with fuzzy TOPSIS and determining the final ranks
The alternative PPCPs were compared based on different criteria using linguistic variables presented in Table
3.  The  comparison  results  for  one  expert  are  presented  in  Table  7  due  to  the  extensive  length  of  full
comparisons.
The  linguistic  expressions  are  translated  to  corresponding  TFNs  and  built  in  the  fuzzy  evaluation  matrix
presented in Table 8. Using Equation 12 the aggregated fuzzy weights for alternatives is calculated and displayed
in Table 9. 
Since all the identified criteria are desired to be minimized, the objective of  this study is to select the alternative
with the minimum measured criteria. Using Equation 16 the normalized results are calculated and presented in
Table 10. The weighted evaluation matrix is shown by Table 11 using the Equation 17 to calculate the criteria
weights. 
 WIP LT LD D
A1 L M H M
A2 VH M H M
A3 H VH VH VH
A4 M H VH VH
A5 M H VH H
A6 M L L L
A7 VH L L L
Table 7. Linguistic scale evaluation matrix for the solutions
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 WIP LT LD D
A1 (2,3,4) (4,5,6) (6,7,8) (4,5,6)
A2 (8,9,10) (4,5,6) (6,7,8) (4,5,6)
A3 (6,7,8) (8,9,10) (8,9,10) (8,9,10)
A4 (4,5,6) (6,7,8) (8,9,10) (8,9,10)
A5 (4,5,6) (6,7,8) (8,9,10) (6,7,8)
A6 (4,5,6) (2,3,4) (2,3,4) (2,3,4)
A7 (8,9,10) (2,3,4) (2,3,4) (2,3,4)
Table 8. Fuzzy evaluations matrix for solutions
 WIP LT LD D
A1 (2,5.8,8) (4,8,10) (1,5.4,8) (2,4.6,6)
A2 (4,7.2,10) (4,6.2,10) (1,3.8,6) (1,3.8,6)
A3 (6,8.8,10) (6,7.8,10) (2,6.4,8) (2,4.6,8)
A4 (4,6.8,10) (2,6.2,8) (6,7.6,10) (4,5.4,8)
A5 (4,8.6,10) (2,4.4,8) (1,3.8,6) (1,2.8,6)
A6 (1,6.4,8) (1,5.8,8) (1,5.8,8) (4,7.2,10)
A7 (2,6.1,8) (1,2.4,6) (2,4.8,8) (1,3,6)
Table 9. Aggregate fuzzy decision matrix for solutions
 WIP LT LD D
A1 (0.125,0.172,0.5) (0.1,0.125,0.25) (0.125,0.185,1) (0.166,0.217,0.5)
A2 (0.1,0.138,0.25) (0.1,0.161,0.25) (0.166,0.263,1) (0.166,0.263,1)
A3 (0.1,0.114,0.166) (0.1,0.128,0.166) (0.125,0.156,0.5) (0.125,0.217,0.5)
A4 (0.1,0.147,0.25) (0.125,0.161,0.5) (0.1,0.131,0.166) (0.125,0.185,0.25)
A5 (0.1,0.116,0.25) (0.125,0.227,0.5) (0.166,0.263,1) (0.166,0.357,1)
A6 (0.125,0.156,1) (0.166,0.172,1) (0.166,0.172,1) (0.1,0.138,0.25)
A7 (0.125,0.164,0.5) (0.166,0.416,1) (0.125,0.208,0.5) (0.166,0.263,1)
Table 10. Normalized fuzzy decision matrix for solutions
 WIP LT LD D
A1 (0.006,0.009,0.027) (0.029,0.036,0.072) (0.016,0.024,0.130) (0.006,0.008,0.020)
A2 (0.006,0.007,0.013) (0.029,0.046,0.072) (0.021,0.034,0.130) (0.006,0.010,0.040)
A3 (0.005,0.006,0.009) (0.029,0.037,0.048) (0.016,0.020,0.065) (0.005,0.008,0.020)
A4 (0.005,0.008,0.013) (0.036,0.046,0.145) (0.013,0.017,0.021) (0.005,0.007,0.010)
A5 (0.005,0.006,0.013) (0.036,0.065,0.145) (0.021,0.034,0.130) (0.006,0.014,0.040)
A6 (0.006,0.008,0.055) (0.048,0.049,0.290) (0.021,0.022,0.130) (0.004,0.005,0.010)
A7 (0.006,0.009,0.027) (0.048,0.120,0.290) (0.016,0.27,0.065) (0.006,0.010,0.040)
Table 11. Weighted normalized fuzzy decision matrix for solutions
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All the criteria are aimed to be minimized in this study. Therefore, fuzzy positive-ideal solution (FPIS,  A+) and
fuzzy negative-ideal solution (FNIS,  A–) for all the criteria are considered with + = (0, 0, 0) and – = (1, 1, 1).
Then, using the Equations (20) and (21), the distance  dv of  each alternative from FPIS (A+) and FNIS (A–) is
calculated. For example, CCi calculation for ConWIP system (alternative 2) is as follows:
di–, di+ and CCi are similarly calculated for the other PPCP alternatives. Table 12 shows the final results summary. 
Alternative di+ di– CCi Rank
A1 0.16492 3.86222 0.959048 4
A2 0.15702 3.87261 0.961034 3
A3 0.09936 3.91018 0.97522 1
A4 0.12544 3.89155 0.968772 2
A5 0.20702 3.82937 0.948711 5
A6 0.28869 3.79170 0.92925 7
A7 0.26653 3.78388 0.934196 6
Table 12. Fuzzy TOPSIS results
Based on CCi values, the final alternative ranking is found to be: Hybrid 1 (A3) > Hybrid 2 (A4) > Kanban (A1) >
ConWIP (A2) > Hybrid 3 (A5) > Hybrid 5 (A7) > Hybrid 4 (A6). The PPCPs with the higher CCi value and lower
ranks are more suitable to be implemented.
4. Discussion
4.1. Interpretation of  Results
The first proposed system that obtained the highest rank among alternatives was identified to have an excellent
performance in terms of  lead time, lost demand and delay. The WIP measure is also very good for the first
-178-
Journal of  Industrial Engineering and Management – https://doi.org/10.3926/jiem.2528
proposed hybrid system. The control system was ranked third in WIP level and was ranked first in the other three
measurement criteria. Despite the higher importance of  WIP level in comparison to other criteria the alternative
has obtained the highest rank in the overall evaluation. Having an insight investigation on the mechanism of  the
third alternatives, the system appears like three connected ConWIP systems. If  every level of  production and
assembly is  considered separately,  the proposed alternative suggests  three connected ConWIP system. In this
configuration, each of  the ConWIP systems is assigned to one level of  production. 
The second proposed hybrid  system that  is  ranked second most  desirable  policy similarly  shares  two of  the
ConWIP loops in the first hybrid which are K1 and K21. However instead of  having a single K12 loop, it has two
loops in the manufacturing line that resembles a Kanban policy. Although the hybrid 2 policy was ranked 5 in terms
of  WIP, it is ranked second in all other criteria. The high level of  WIP in this policy can be interpreted as a result of
higher number of  loops and associated Kanban cards which allow for a higher number of  parts proceeding in the
system.
Comparing the Kanban and ConWIP policies the results show that ConWIP policy has a higher desirability for the
studied production system. A detailed study of  measurement criteria reveals that Kanban resulted in a much higher
WIP level compared to ConWIP. However, similar to the second hybrid policy, this can be explained as result of
higher number of  loops and associated Kanban cards. Both Kanban and ConWIP performed very closely in terms
of  LT, LD, and D criteria. 
The fifth and fourth hybrid production control policies are listed at the bottom of  the ranking list. Both these
systems share a common Kanban card stack at the multi-production levels. Hybrid 4 performs better in terms of
WIP level. The assembly line in this system is controlled by a single loop of  Kanbans while hybrid 5 has an extra
loop at the assembly level. 
4.2. Managerial Implications
Development of  hybrid pull production control policies: researchers developed and proposed various policies to
control the production system. The detailed mechanism of  the policies, however, is unclear in many studies that
compare the systems.  The specific  conditions  of  production environment  also affect  the results  obtained for
different mechanisms. Hybrid production policies can be developed by integrating various policies based on the
specifications of  the production environment. The hybrid policies are considered alternatives for management to
decide on which policy to implement. The criteria to select the alternative can be obtained based on organizational
priorities.
Designing the Kanban loops for pull production policies: The results from this study show that exclusive Kanban
loops for different stages of  production can control the level of  inventory in the local production stages. However,
due to higher number of  Kanbans devoted to control loops, the level of  WIP will be higher. Therefore, in respect
to WIP level, production control systems will have a closer performance if  they utilize same number of  Kanban
cards.
Sharing the Kanban card stacks among different production levels: As it is shown in the example studied in this
research, when parallel production levels with different number of  stages share the Kanban cards the performance
is low. However, sharing the stack for the purpose of  reducing the number of  Kanban cards can be a biennial
strategy if  the parallel lines are balanced.
Using fuzzy multi-criteria decision-making techniques for selecting the best policy: This study applied fuzzy AHP
technique to compare the criteria.  Considering different criteria and assigning weights to them represents the
priorities that management aims to address. Fuzzy TOPSIS technique is used to rank the alternatives with respect
to criteria. Kaizen groups and experts can interpret the results for different alternatives. Linguistic expression of
decision makers can be translated to quantitative values using fuzzy techniques as described by this study.
5. Conclusions and Future Research
Improving  the  production  by  achieving  the  minimum manufacturing  cost  and  minimum waste  is  of  a  great
importance for organizations. JIT is practiced widely by today’s organizations to minimize the costs and to have
-179-
Journal of  Industrial Engineering and Management – https://doi.org/10.3926/jiem.2528
better response to the constantly changing demands. Reserving minimum work in process is aimed by JIT system.
This research shows how the selection of  the production control policy Kanban can result in significantly different
levels of  WIP and Lead Time. This research provides a systematic method to be used by intelligent expert systems
is selecting the policies.
5.1. Contribution
Three  aspects  of  contribution  are  identified  for  this  research.  These  aspects  are  first  theoretical,  second
methodological, and third practical.
The theoretical comparison enriches the JIT literature by indicating the significant difference in results based on
production  policy  selection.  This  comparison  is  made  for  a  comprehensive  multi-level  and  multi-stage
manufacturing line with variable demand controlled via different policies. Several measurement indicators are used
by this research including WIP level, lost demand, lead time, and delay. 
The proposed approach is a methodological contribution that connects the application of  discrete event computer
simulation and combining it  with two fuzzy multi-criteria  decision-making methods.  This research proves the
capability of  this technique to improve the results of  production control problems. Developing several models for
production control policies by this research improves the current knowledge of  manufacturing systems modeling.
The proposed hybrid models are how various control systems can be developed based on common Kanban and
ConWIP systems.
Presenting a real manufacturing line from auto-part industry, this study examines the application of  this approach.
The research introduces a systematic method to gather the data, design models and simulate the manufacturing
lines. Computer simulation aids the manufacturer to observe the performance of  intended production control
policy ahead of  implementation.
Finally this research introduces the importance of  production control policies in reducing the costs and improving
the profit for the organizations. 
5.2. Future Studies
There are opportunities for future researches in this area due to several facts. First the high competition among
manufacturers requires them to fortify their capabilities. The need of  industry for knowledge creation in areas such
as production control systems provides the demand for researches in this area. 
Future researches can examine production control systems for different industries. While the principles of  JIT
originated from car manufacturing industry, the issue can be discussed in emerging industries.
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